Background: Precision therapy for lung cancer will require comprehensive genomic testing to identify actionable targets as well as ascertain disease prognosis. RNA-seq is a robust platform that meets these requirements, but microarray-derived prognostic signatures are not optimal for RNA-seq data. Thus, we undertook the first prognostic analysis of lung adenocarcinoma RNA-seq data and generated a prognostic signature. Methods: Lung adenocarcinoma RNA-seq and clinical data from The Cancer Genome Atlas (TCGA) were divided chronologically into training (n ¼ 255) and validation (n ¼ 157) cohorts. In the training cohort, prognostic association was assessed by univariate Cox analysis. A prognostic signature was built with stepwise multivariable Cox analysis. Outcomes by risk group, stage, and mutation status were analyzed with Kaplan-Meier and multivariable Cox analyses. All the statistical tests were two-sided. Results: In the training cohort, 96 genes had prognostic association with P values of less than or equal to 1.00x10
involvement unfortunately have poor outcomes even with highintensity tri-modality therapy, and five-year survival after surgery alone remains poor at 73% in stage IA and 58% in stage IB (3) . Though early-stage patients represent a minority currently, expanded lung cancer screening is likely to increase this proportion (4) . Thus, continued efforts to improve management of early-stage lung adenocarcinoma are warranted.
In the genomics era, there have been numerous efforts to use unbiased microarray methods to develop prognostic signatures in lung cancer, dating back to 2002 (5, 6) . Although there has been some question about the reproducibility and validity in mutation subsets (7) , two early-stage lung adenocarcinoma prognostic signatures have been commercialized and are available clinically, though adoption has been slow (8) . Logistically, these signatures require a separate clinical test that, along with separate clinical tests for targetable alterations, result in increased cost and specimen handling. Perhaps more importantly, the microarray technology used in those studies is not reflective of the current view of the genome, as it assays only protein-coding genes. In a recent large-scale bioinformatics effort, our group has computationally predicted that long noncoding RNA (lncRNA) genes are several-fold more numerous than protein coding genes, and often cancer-and/or lineage-specific (9) . These characteristics make lncRNAs prime biomarker candidates, leading to our characterization of the lncRNA SChLAP1 as a promising single-gene prognostic biomarker in prostate cancer (10) . Combining protein-and noncoding genes may prove to increase the robustness of molecular biomarkers.
RNA sequencing (RNA-seq) represents a single comprehensive solution to many of the drawbacks of existing molecular assays. In a single platform, RNA-seq can comprehensively assay for an array of alterations, including point mutations and gene fusions, as well as comprehensively assay gene expression for prognostic and/or predictive genomic signatures and other applications (11) . Additionally, exome-capture RNA-seq allows for accurate expression profiling in archival formalin-fixed paraffin-embedded samples (12) . In this study, we utilized RNA-seq data from a lung adenocarcinoma cohort to identify a robust prognostic gene signature that can be directly incorporated into an RNA-seq clinical test for prognostic prediction.
Methods

Clinical Cohorts and RNA-Seq and Alteration Data
TCGA lung adenocarcinoma RNA-seq data was downloaded and processed with the Tuxedo pipeline as previously described (13) . Briefly, reads were aligned to hg19 with Tophat2 (2.0.4) (14) , and FPKM values generated based on the Ensembl v69 assembly (http://www.ensembl.org) (15) . As previously described, the validation cohort consisted of 67 lung adenocarcinoma samples that were surgically resected and subjected to RNA-seq at the University of Michigan (5, 16) . Briefly, size-selected (350 bp) transcriptome libraries were polymerase chain reaction (PCR)-amplified (14 cycles) and analyzed by Agilent 2100 BioAnalyzer (Santa Clara, CA, USA). After paired-end 100 bp sequencing (2 x100 bp) on an Illumina HiSeq 2000 (San Diego, CA, USA), Illumina BaseCall-filtered reads were used and deposited in the Sequence Read Archive (SRA) as SRP048484. EGFR and KRAS nonsilent mutation cases were extracted from the raw mutation data files downloaded from the Broad GDAC FireHose (gdac.broadinstitute.org). ALK fusion cases were identified in the TCGA Fusion gene Data Portal (17) . Samples from TCGA data set were divided chronologically into training and validation sets, and we did not find any bias in TCGA test and validation set in case bias analysis.
Evidence Before this Study
Pubmed was searched for articles relating to prognostic signatures in lung adenocarcinoma using the search expression "prognostic [ 
Signature Generation and Statistical Analysis
TCGA clinical data was downloaded from the TCGA data portal and manually curated (Supplementary Tables 1 and 2 , available online). Survival data for the validation cohort was collected at the University of Michigan (Supplementary Table 3 , available online). TCGA data was partitioned into chronologically consecutive cohorts I (n ¼ 255) and II (n ¼ 157) before and after 2013 as training and validation cohorts, respectively. Univariate and multivariable Cox proportional hazards regression was used to assess association with overall or metastasis-free survival using BRBArrayTools (linus.nci.nih.gov/BRB-ArrayTools.html) and SPSS v19 (IBM, Inc., Chicago, IL, USA). Proportional assumptions for Cox proportional hazard model were examined by Kaplan-Meier analysis (for example, low vs high expression), by ensuring two curves do not intersect, and also by scaled Schoenfeld residuals. Benjamini-Hochberg false discovery rate (FDR) multiple hypothesis correction was applied where indicated as such. Hazard ratios (HRs) from univariate Cox regression analysis were used to identify protective (HR < 1) and risky genes (HR > 1). A risk score was calculated by taking into account the expression of gene and correlation coefficient. Kaplan-Meier analysis with log-rank test for difference was performed in GraphPad Prism (La Jolla, CA, USA). Heatmaps were generated in TreeView with z-score normalization within each row (gene). All statistical tests were two-sided. A P value of less than .05 was considered statistically significant.
Gene Signature Analysis
The Oncomine (www.oncomine.com) concept analysis tool was used with all available lung adenocarcinoma studies with default settings (18) . PantherDB analysis was performed online (pantherdb. org) (19) . Gene set enrichment analysis (GSEA) was performed with the indicated gene sets using phenotype labels "high risk" vs "low risk" (20) . Results were exported as the nodes and edges of a concept association network and were visualized using Cytoscape v3.1.1.
Results
Identification of Prognostic Genes
In order to comprehensively analyze the genomic prognostic associations in lung adenocarcinoma, we developed an analysis pipeline ( Figure 1A ). The Cancer Genome Atlas lung adenocarcinoma cohort (n ¼ 412) was divided chronologically into a training cohort (TCGA cohort I, n ¼ 255) and a validation cohort (TCGA cohort II, n ¼ 157). The demographics of these cohorts were well balanced (Table 1 ). In TCGA cohort I, we analyzed approximately 15 000 genes with a standard deviation greater than 1.5 FPKM to ensure adequate variance, including approximately 1100 long noncoding RNA genes. Univariate Cox proportional hazards regression analysis showed that 96 genes were statistically significantly correlated, with overall survival at the P value of less than or equal to 1.00x10 -4 . We further narrowed this gene list to 13 genes with false discovery rates (FDRs) 0.001 and used multivariable Cox proportional hazards stepwise regression with forward selection to build a prognostic model that included four genes: RHOV, CD109, LINC00941, and FRRS1. This model was used to calculate risk scores for all TCGA cohort I patients by summing the product of model coefficient and FPKM for each gene, and a high risk threshold was chosen. This risk score calculation and high risk threshold was then applied to TCGA cohort II and Michigan Center for Translational Pathology cohort, and prognostic significance was analyzed with multivariable Cox proportional hazards models and Kaplan-Meier analysis. B) Oncomine lung adenocarcinoma signature concept analysis of top 96 prognostic genes. Results were exported as the nodes and edges of a concept association network and visualized using Cytoscape v3.1.1. Oncomine lung adenocarcinoma signatures are color-coded for the cohort in which they were generated, as labeled, and grouped (dashed circles) by the con- 
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showed statistically significant positive association with signatures of smoking, high grade, recurrence, and poor prognosis ( Figure 1B ). An FDR threshold of less than or equal to 0.001 further refined the candidate gene list to 13 genes, including one lncRNA gene ( Figure 1A ; Supplementary Table 4 , available online), to ensure proper algorithm performance for signature generation.
Generation and Validation of Prognostic Signature
The 13 genes with univariate Cox analysis FDR of less than or equal to 0.001 were used for prognostic signature building using forward conditional stepwise regression with multivariable Cox analysis in the training cohort. This procedure selected a prognostic model containing four genes: protein-coding genes RHOV, CD109, and FRRS1, as well as the lncRNA gene LINC00941 (Supplementary Table 5 , available online). A risk score was constructed with the regression coefficients from this model, and a threshold was chosen manually at the 75th percentile ( Figure 2A ). The four signature genes were statistically significantly overexpressed in high-risk tumors compared with normal lung tissue samples, while there was no difference between low-risk tumors and normal samples ( Figure 2B ). In order to begin understanding the biology underpinning high-risk tumors, we identified the top 100 genes statistically significantly overexpressed and the top 100 genes underexpressed in high-risk tumors ( Figure 2C ; Supplementary Table 6 , available online). The overexpressed genes are statistically significantly enriched for processes related to cancer biology, including developmental process, immune-related processes, mesoderm development, and angiogenesis ( Figure 2D ; Supplementary Figure 1E and Supplementary Table 9 , available online).
Independent Clinical Validation and Signature Comparison
The four-gene prognostic signature was tested in two independent clinical cohorts for validation. Using the same risk score threshold chosen in the TCGA cohort I (Figure 3A) , the four-gene prognostic signature risk group statistically significantly stratified the TCGA cohort II for overall survival (HR ¼ 3.07, 95% CI ¼ 2.00 to 14.62, P < .001) and metastasis-free survival (HR ¼ 3.05, 95% CI ¼ 2.31 to 13.37, P < .001) independent of age, sex, and stage ( Figure 3B and Table 2 ; Supplementary Figure 3A , available online). In a second independent institutional MCTP cohort, again using the TCGA cohort I threshold ( Figure 3D ), the fourgene prognostic signature risk group was also able to statistically significantly stratify patients for overall survival (HR ¼ 2. 05, 95% CI ¼ 1.18 to 4.55, P ¼ .03) independent of age, sex, and stage ( Figure 3E and Table 3 ; Supplementary Figure 3B , available online). We compared the four-gene prognostic signature to five other published lung adenocarcinoma prognostic signatures, including a commercial signature, by rederiving a multivariable Cox model using the gene list from each signature due to platform differences (21) (22) (23) (24) (25) . As might be expected, four out of five signatures were statistically significant on univariate analysis in TCGA cohort I. None of the other five signatures was statistically significant on univariate analysis in both validation cohorts, and these results were typically mirrored in multivariable analysis including age, stage, and sex (Supplementary Figure 2  and Supplementary Table 10 , available online).
Validation of Signature in Clinically Important Stage I and Mutation Subsets
Lung adenocarcinoma prognostic signatures have focused on early-stage patients as a subset where adjuvant treatment decisions might be tailored based on prognosis, as opposed to advanced-stage patients who will have poor outcomes even with full-intensity multimodality therapy. Thus, we evaluated the four-gene prognostic signature in stage I patients from the full TCGA lung adenocarcinoma patients to ensure adequate numbers for analysis (n ¼ 139). The four-gene prognostic signature statistically significantly stratified the stage I patients for both overall survival (HR ¼ 2.78, 95% CI ¼ 1.91 to 11.13, P < .001) and metastasis-free survival (HR ¼ 3.30, 95% CI ¼ 2.89 to 13.45, P < .001) independent of age, sex, and stage ( Figures 4, A and B) . Additionally, in the full TCGA cohort, the four-gene prognostic signature risk groups statistically significantly stratified stage II and stage III-IV patients (Supplementary Figures 3, C-F , available online). The four-gene prognostic signature also statistically significantly stratified the MCTP cohort stage I patients, though a median threshold was used because of the small number of patients (Supplementary Figure 3G, available online) .
Given the importance of EGFR and ALK alteration status in lung adenocarcinoma for TKI use and/or prognostication, we Table 5 (available online) . Kaplan-Meier curves of overall survival (E) and metastasis-free survival (F) in TCGA cohort I stratified by four-gene prognostic signature in high and low risk. A two-sided log-rank test was used to calculate hazard ratio (HR). HR, 95% confidence interval, P value, and median survival are shown. *P < .001. FPKM ¼ fragments per kilobase of transcript per million reads; HR ¼ hazard ratio. by four-gene prognostic signature in high and low risk. A two-sided log-rank test was used to calculate hazard ratio (HR). HR, 95% CI, P value, and median survival are shown. HR ¼ hazard ratio. 
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for lung adenocarcinoma prognostic signatures (7) . In contrast, the four-gene prognostic signature risk groups statistically significantly stratify KRAS mutant (120/412, 29%) and wild-type KRAS (119/157, 76%) patients for overall survival, as well as patients that are wild-type for ALK, EGFR, and KRAS (Supplementary Figure 4 , B-D, available online). Finally, the risk score remained statistically significant (HR ¼ 2.13, 95% CI ¼ 1.79 to 2.52, P < .001) in a multivariable Cox analysis that included EGFR, KRAS, and ALK alteration status (Supplementary Table 13 , available online). Interestingly, EGFR mutation status was also statistically significant (HR ¼ 2.03, 95% CI ¼ 1.26 to 3.62, P ¼ .005) in the multivariable analysis.
Discussion
Lung cancer is the leading cause of cancer deaths in the United States, causing 158 000 deaths, with adenocarcinoma histology playing a major role (1) . In an effort to bolster clinical tools and biological understanding in lung adenocarcinoma, we present the first RNA-seq prognostic signature. Using a TCGA lung adenocarcinoma cohort subset, we found 96 genes with statistically significant prognostic association, including five lncRNAs. Prognostic model training in this subset selected a four-gene signature, including the lncRNA gene LINC00941, from the top 13 genes, reiterating that lncRNAs are an important class of biomarker candidate genes. The four-gene signature was validated as statistically significantly associated with metastasis-free survival and overall survival in the remaining TCGA lung adenocarcinoma cases, and in an independent institutional cohort. Thus, our four-gene RNA-seq prognostic signature provides biological insights and has potential for rapid incorporation into RNA-seq clinical sequencing programs to tailor management in earlystage lung adenocarcinoma. Early-stage lung adenocarcinoma is, unfortunately, characterized by statistically significantly worse survival outcomes than many other early-stage cancers, with five-year survival after surgery alone at 73% in stage IA and 58% in stage IB in the most recent 7th TNM staging system (3). Therapy intensification is therefore needed, but patient selection tools have been limited. Based on the Lung Adjuvant Cisplatin Evaluation (LACE) meta-analysis and the CALGB 9633 trial, patients are selected for adjuvant chemotherapy based on clinical criteria (stage IB and tumor 4 cm) (26, 27) , though there is an ongoing trial using a commercial microarray-derived quantitative PCR (qPCR)-based prognostic signature to select patients for adjuvant chemotherapy randomization (28) . More sophisticated genomic guidance in the form of mutation identification has been recognized as essential for targeted therapy in the metastatic setting (29) ; however, outcome variability within mutation cohorts has been underexplored. Furthermore, trials of adjuvant targeted therapy have so far not focused on mutation status, including in the BR19 (30) and RADIANT trials (31) . The ongoing ALCHEMIST trial should randomize sufficiently large numbers No. low risk:
No. high risk:
No. low risk:
No. high risk: A two-sided log-rank test was used to calculate hazard ratio (HR). HR, 95% CI, P value, and median survival are shown. The hazard ratio and 95% CI for the EGFR mutant analysis could not be accurately calculated due to the small number of patients. HR ¼ hazard ratio.
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of early-stage EGFR mutant patients to have a clear indication of benefit, though the results are several years away (32) . National basket trials, including NCI-MATCH, NCI-MPACT, and ASCO's TAPUR, will provide therapeutic response information about targetable alterations that are less prevalent and thus highlight the need for comprehensive parallel genomic alteration testing. These trials are histology-independent but are likely to enroll a large numbers of lung cancer patients. RNA-seq clinical tools, including prognostic signatures for individualized therapy intensification as presented here, have several key advantages over other platforms. RNA-seq includes noncoding gene expression data that were not represented in the microarrays of past efforts and which the ENCODE Project has demonstrated occupy a majority of the transcribed genome (33) . Microarray data have biases and limitations that are improved with RNA-seq, particularly in the detection of lowabundance transcripts (34, 35) . This advantage of RNA-seq translates into better correlation with qPCR data both in the laboratory and on patient samples and is particularly important for lncRNAs that tend to be differentially expressed but at low absolute abundance (22, 35) . Continually improving RNA-seq platforms also provide nearly all the genomic alteration information needed, including single-nucleotide variants (SNV)/ mutations and gene fusions (36) . Moreover, RNA-seq provides comprehensive expression data that will be increasingly important in understanding and predicting therapeutic response in the substantial proportion of tumors that lack a classical targetable alteration (37) . Additionally, exome-capture RNA-seq recently published by our group can be used on FFPE samples to mine completed randomized trial samples on the same platform (12) . These advantages prompted the Sweden Cancerome Analysis Network -Breast (SCAN-B) clinical sequencing program to focus on RNA-seq; this effort has enrolled nearly 4000 women (85% of the primary breast cancer cases in south Sweden) and has collected nearly 3000 tumor samples (38) . Though slightly more costly, the major advantages of RNA-seq place it as a highly attractive comprehensive clinical test in precision oncology.
Potential clinical uses of the four-gene signature are driven by its strong prognostic performance in several clinically important settings. As described above, adjuvant therapy for earlystage lung adenocarcinoma is currently driven by a clinical factor of tumor size 4 cm or larger (stage IB). The four-gene signature offers an opportunity for individualized adjuvant therapy based on biological factors, as well comprehensive alteration testing through the RNA-seq platform. For more advanced and metastatic tumors, the four-gene signature offers patient risk stratification for both EGFR mutant and wild-type patients that might be used to intensify EGFR inhibitor therapy in patients at high risk. We also note that the high-risk group identified in our analysis displayed enrichment for genes associated with immune response. It is plausible this would influence the response to immunotherapies that have shown so much promise in recalcitrant disease, including lung adenocarcinoma. The direction of this effect is difficult to predict, as either increased (in high-risk tumors) or decreased (in low-risk tumors) immune response may facilitate either more or less robust immunotherapy response. Clinical integration of the four-gene signature needs to be tested directly, but appears promising from these initial results.
Though the four-gene signature is promising, there are limitations to this initial work. The patient cohorts, including the validation cohorts, were multi-institutional, but retrospective, and therefore these findings must be validated prospectively.
Therapy was not randomized or systematic in any way across the cohorts, which limited our ability to test the predictive power of the signature with respect to guidance on specific treatment decisions. Given the low prevalence of mutations, we had limited patient numbers to test the performance of the signature in mutational cohorts. RNA-seq results have some sensitivity to bioinformatics parameters that may vary among clinical sequencing programs and affect the performance of the signature, though validation in the independently collected and processed MCTP cohort demonstrates some robustness to pipeline variations. These limitations can be addressed in future studies.
Our analysis is also likely to provide biological and therapeutic information as well. CD109 is a glycoprotein on the surface of immune and endothelial cells that negatively regulates TGFbeta signaling (39) . It is the most studied gene of the four, being nominated as a biomarker and/or therapeutic target in several cancers, including pancreas and breast (40, 41) . RHOV is an atypical RHO GTPase that has been nominated as upregulated in non-small cell lung cancer in a minor study, and its role in cancer is poorly understood (42) . FRRS1 is a cytochrome b561 family iron reductase whose role in cancer is not characterized, though iron metabolism has been studied as a possible therapeutic target (43, 44) . LINC00941 was identified initially by shotgun cloning, and re-identified by the ENCODE Project, but has not been studied in detail (45) . These genes highlight diverse biological processes that may underpin their prognostic significance and provide avenues for further research.
Here, we have performed the first RNA-seq prognostic analysis in lung adenocarcinoma, resulting in an independently validated four-gene prognostic signature that includes an lncRNA, as well as identification of numerous genes with strongly statistically significant prognostic association for further study. Importantly, this four-gene prognostic signature performed well in stage I patients and EGFR-mutant and wild-type cohorts. Thus, this four-gene prognostic signature could be a clinically useful tool easily incorporated into an RNA-seq clinical sequencing program to individualize lung adenocarcinoma therapy.
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